INTRODUCTION
Returns for commercial real estate are determined by the interaction between the market for space or "space market" and the market for capital or "capital market."
In the space market, tenants lease space and short run rental rates are determined by the supply and demand for space. Discount and capitalization (cap) rates for rental real estate are determined in the capital market where real estate competes with other investment alternatives for capital. Uncertainty as to what rental rates and the resulting net operating income (NOI) will be for a property affect risk premiums that are included in the discount rate (See Fisher, Hudson-Wilson and Wurtzebach, 1993; and Fisher, 1992) . The space market tends to be local in nature as supply and demand for space can vary considerably across locations. The capital market tends to be more national and little variation in discount rates from location to location (although capitalization (cap) rates will vary due to differences in expected growth in NOI).
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This study measures and analyzes differences in the performance of the space market by focusing on how NOI varies across Metropolitan Statistical Areas (MSAs) and over time. Indices of NOI growth are calculated for the major MSAs in the U.S. based on quarterly NOI data over the past 20 years from the National Council of Real Estate Investment Fiduciaries (NCREIF) database. The indices are estimated using a repeated measure regression model specified with a log normal diffusion process analogous to the Deng, Quigley, Van Order (1996) WRS estimator which uses observations on repeat sales of houses whose economic characteristics are unchanged.
In this application, we rely on repeated observations on the NOI of properties whose characteristics are unchanged.
The repeated observations of NOI at the individual property level over time permit us to calculate much more accurate growth trends by accounting for more 1 In general, a cap rate is equal to the discount rate for a property less its expected growth in NOI.
realistic risk measures through the variance-covariance structure for each prespecified sub-market (for example, by MSA and property types) than is possible using aggregate NOI changes from quarter to quarter as currently used by the industry. 2 After the NOI indices are constructed, we will analyze how the NOI indices vary across MSAs as well as analyze which MSAs tend to cluster together based on common economic drivers. The geographic theory of diffusion assumes that neighbors are geographically proximate. Economic diffusion, however, can occur on two levels, either by adjacency as in the example or "leapfrog" from city to city through an infrastructure of economic ties. In the latter case economic neighbors, as we will refer to them, are defined as locales linked on a plane with similar dominating economic sectors and dependence on like industries that results in closely correlated market activities. Our focus will be on identifying real estate risk and performance similarities between economic neighbors as identified by the common economic sectors that dominate in the MSAs studied.
The ability to identify commonalities among MSAs is critical in the development of diversified real estate portfolio strategies as well as identifying the underlying risk of commercial loan portfolios. The clustering approach allows us to create a risk measure for investing in commercial property that can identify the extent to which a particular MSA is vulnerable to market downturns (such as the loss of one major industry). In this study we develop an analysis that illustrates how variations in individual property income growth, observed over time, can be related to economic events in specific economic sectors. The research will expand the knowledge of the nature of economic diversification by separating out the effects of economic fundamentals on the space market in each economic area and analyzing the 2 Unlike hedonic model estimation, a repeated measure regression typically does not control for changes in the composition of properties in order to capture the market trends with more generosity. Opponents of the hedonic price index models often criticize their lack of theoretical foundation as well as their limitation in generalization.
performance of clustered communities on the basis of economic sector dominance. In the pages that follow we will provide a background discussion in the area of cluster analysis. Then a description of the data, methods and analysis will follow. We conclude with the implications of the results to inform investors and property managers alike.
BACKGROUND
A cluster is a set of one or more objects that can be considered similar to each other. Cluster analysis is a generic name for a variety of mathematical methods that can be used to determine subsets of similar objects in a larger dataset. A k-means method of the cluster analysis technique is employed, where the resemblance coefficient of interest is the variance measure for NOI by metropolitan statistical area (MSA). The goal is to categorize those MSAs with similar NOI performance over the period of observation and then to identify economic characteristics that can serve to explain the similar performances.
Cluster analysis has been frequently employed in the study of real estate and urban economic issues over the last decade, and many of those efforts were made in an attempt to identify meaningful similarity measures on which to confirm the existence of MSA or regionally based economic clusters that can be used to predict real estate investment performance. Rudolph and Topping (1991) developed a cluster study relating management strategy and performance in the thrift industry over the period 1979 through 1987 (encompassing the point when thrifts were deregulated).
They found clusters of thrifts that exhibited a strategy of maintaining the real estate mortgage focus rather than venturing into other product lines available through deregulation had superior performance when compared to thrifts with more diverse product lines. Hartzell, Schulman and Wurtzebach (1987); Hartzell, Heckman and Miles (1986) ; Corgel and Gay (1987) ; Cole, Guilkey, Miles and Webb (1989) Utilizing return data from the NCREIF database, Fisher and Liang (2000) compare two commercial real estate portfolio diversification strategies, by property sector (apartment, industrial, office, and retail) and by region (East, Midwest, South, and West). The authors' contend that diversification is not a cost free strategy and they sought to identify which of the two options was more efficient. The conclusion, based on comparing sector and regional returns with pure return indices, is that the more efficient diversification strategy for portfolio managers is to diversify by sectors.
The geographic regions that were utilized, however, were broad and encompassed multiple economic sectors within a single region.
By using regional data, these studies may have understated the impact of industry-specific shocks on regional economic activity. The law of large numbers suggests that positive shocks to an industry in one area of a broadly defined region are likely to be offset by negative shocks to that industry in another area of that region.
Thus, the apparent impacts from shocks will be dampened by the aggregation (Carlino, DeFina and Sill, 2001 ). As a result, studies using data at the Metropolitan Statistical Area (MSA) are more likely to reflect the importance of shocks to local economies than would be the case if regions were studied. This concern was recently addressed in a study by Carlino et al. (2001) where the authors studied the source of employment growth or change in five MSAs. Their findings reveal that within-MSA industry shocks explain considerably more of the forecast error variance in industry employment growth than does more regional analysis.
Using NOI per square foot aggregated at the MSA level for multifamily properties in forty MSAs Ping and Black (1998) provide evidence to suggest that cities with different dominant industries exhibit similar asset performances in the apartment markets. This suggests that industrial dominance, which is the primary classification criterion used by several previous studies for classifying the office and industrial property markets, may not be the dominant factor that dictates the relationships of asset performances in the apartment markets (Mueller and Ziering, 1992; Mueller, 1993: Ziering and Hess, 1995; Williams, 1996) . The goals of this analysis are similar to those of Ping and Black; the clustering analysis is applied to real estate performance data, the variance in NOI over time and by MSA in an attempt to identify regional clusters and to go one additional step compare the clusters in search of the cluster combinations that offer the greatest potential for diversification.
A study by Cheng and Black (1998) The results from this study will allow the identification of clusters of properties with similar net operating income (NOI) performance and relating those clusters to the local economic influences.
METHODOLOGY
We employ a two-step procedure to analyze commercial property cash flows.
The first step is to create net operating income (NOI) indices by property type and metropolitan areas using repeat observations of NOI cash flows of commercial properties. The second step is to create a cluster mapping of properties which demonstrates the relationship between metropolitan areas in terms of property types.
3a. Temporal Patterns of NOI
The first step in our analysis involves identifying temporal patterns of NOI for individual properties at the MSA level. The indices will be estimated using a repeated measure regression specified with a log normal diffusion process analogous to the Deng, Quigley, Van Order (1996) WRS estimator which used observations on repeat sales of houses whose economic characteristics are unchanged. In this application, we rely upon repeated observations on the NOI of properties whose characteristics are unchanged. This enables us to create indices which reflect intertemporal variations in by aggregating changes from raw NCREIF NOI data from quarter to quarter.
More concretely, the repeated measure regression model is specified as 
where MV 0 is the market value of the property measured at the beginning period.
Following Case and Shiller (1987) , we adopt a three-stage estimation approach to estimate the repeated measure NOI indices. In the first stage, we estimate equation (1) by OLS approach. In the second stage, we estimate the diffusion process of the variance-covariance matrix specified by equation (2) by regressing the residuals from the first stage OLS regression to the number of periods between two measures of NOI as well as the log of market value of the property. In the third stage, we reestimate equation (1) using a weighted least square (WLS) approach where the weighting matrix is the expected variance-covariance matrix obtained from the second stage estimation.
3b. Cluster Analysis
We employ a cluster analysis technique known as non-hierarchical clustering based on the k-median method where closeness or distance is a function of the euclidean distance between the mean of each cluster. The non-hierarchical approach requires first that the desired number of clusters, (k), is identified then assign each case (object) to one of and 8 were tested), and testing indicated that using six groups provided the most representative result for all the tests.
The objective of the cluster analysis is to group the MSAs into relatively homogeneous markets on the basis of NOI performance, then identify those elements in the dominant industry sectors that exhibit significant influence on local real estate markets. Consideration is then given to the economic clustering divisions that have developed over time. For example, Anderson and Shain (2001) identified six economic clusters, manufacturing, financial, government, distribution, high growth, and small scale MSAs that will be considered in organizing our clusters.
DATA
We examine a panel data set representing the relationship between variations over time in net operating income (NOI) clustered by MSA and economic events that occur in localized economic sectors. Individual property level return data is aggregated and analyzed as a function of those economic factors.
Data for the analysis will be obtained from the NCREIF database providing information at the MSA level for each property owned by member organizations.
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The data include the individual property information over the period 1978 to 2002 and includes the structural information as well as quarterly NOI data for each property.
Individual property data will be used to estimate the NOI indices through cooperation of NCREIF's Consulting Director of Research. This allows for more accurate estimates of NOI indices and variances than possible with aggregate data.
FINDINGS 5a. NOI Indices
The results of the first step, the identification of temporal patterns of NOI for individual properties at the MSA level, are presented in Tables 1-4 . We examine 19 metropolitan areas with the indices starting at 100 in January 1990 (1990:1 = 100).
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These indices can serve as proxies for unidentifiable NOI indices by property type and metropolitan area and have an advantage over simply creating an index based on 3 The NCREIF database includes quarterly data on the performance of properties that have been acquired on behalf of tax-exempt institutions and held in a fiduciary environment. See www.NCREIF.org for further information. 4 We used as many MSAs as possible where we had sufficient data to estimate indices for each MSA for all four property types starting in 1990.
existing NCREIF indices given that the data is repeat sales of commercial properties (rather than appraisals).
The growth rates in NOI for selected metropolitan areas are represented in Figures 1-4 . The graphs document the growth rates as well as the changes in the growth rates over time. Clearly, the changes in growth rates (or volatility of growth rates) vary considerably across metropolitan areas. In addition, we can see that the volatility of growth rates in NOI is lowest for multifamily (and industrial) and highest for office and retail.
In addition to growth rates in NOI, we present graphs of the diffusion process of the variance over time for five of the largest metropolitan areas. The variance measure of the estimated NOI indices allows us to predict a firm's future NOI growth in probability measure with a statistical confidence interval. As we can see from An example of the diffusion process of the variance over time would be useful. In Figure 5 , we examine the diffusion process of the variance for apartments.
Dallas has the higher variance of the markets examined and the variance actually rises over time before it falls (demonstrating that the apartment market in Dallas is volatile and exhibits time variation in its volatility). Atlanta, on the other hand, has a lower level of volatility and has time variation in volatility as well; however, the difference between the two markets is that Atlanta has declining volatility over time then a gradual increase in volatility. The ability to understand the volatility of NOI indices allows us to better understand how these space markets behave across property markets and over time.
Figures 11 and 12 show how the risk measures differ by property type for two selected MSAs, Los Angeles and Chicago. Apartments have the lowest volatility in both MSAs whereas industrial and office properties have the highest volatility. It is interesting that over this time period apartment properties also had the lowest volatility of vacancy rates whereas the volatility of vacancy rates was highest for office and retail properties. This is illustrated in Figure 13 . Higher volatility of vacancy rates would obviously contribute to higher volatility in NOI. For example, as vacancy rates increase there is a direct impact on NOI because it is income on occupied space and an indirect impact due to the pressure on rents to fall when vacancy rates increase. Volatility of NOI is an indication of the riskiness of the tenant (space) markets and also has implications for default risk on mortgages since the more volatile the NOI stream the more likely NOI will fall below debt service. Thus both the NOI indices and NOI volatility measures developed in this paper could be incorporated into mortgage default models.
5b. Clustering
The results of the second step, the clustering of properties with similar characteristics, are presented in Tables Note further that of the eleven MSAs that Dallas is in one way or another associated through the cluster analysis only three communities have more than one property type that is tied to Dallas' and only one has three property type associations, San Diego.
Few multiple property type associations exist in the data suggesting that return similarities, between MSAs, in one market sector do not guarantee there are similar returns for other property types in the same MSAs.
The bottom line of the clustering model is that it is not sufficient to clump properties together by region of the country (e.g., west coast) in that there can be significant difference within any region. Furthermore, the property market in a metropolitan area in one region could have more in common with a property market in a different region. This leads to the conclusion that interactions between regions are important in understanding how commercial markets behave and evolve.
Summary and Conclusions
In this paper, we examine the creation of metropolitan and property type indices of NOI using repeat sales data from NCREIF. The advantage of creating such indices is that it allows investors and other market participants to understand the general trend in NOI that is often not observable (such as with commercial mortgagebacked securities and REITs).
In addition, the clustering of properties revealed that with many metropolitan areas, there may be substantial clustering (or commonality) within a single property Year-quarter V a c a n c y (% )
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